Abstract
INTRODUCTION
The capacity to monitor and track meaningful change in out-of-pocket health spending and catastrophic payments received special attention since the advent of Universal Health Coverage (UHC) (Boerma et al., 2014) . Several methods have been developed to monitor the country level progress towards achievement of UHC, impact of various policies and status of catastrophic health expenditure at national level. In this growing literature, the measurement of catastrophic health care payments appears to serve three main objectives: to identify changes in levels of well-being; to assess the extent of poverty / low levels of living at the household level; and to assess the performance of existing health insurance schemes. Naga and Lamiraud (2011) developed a fairly detailed conceptual framework using economic theory which facilitates a clear understanding of existing concepts and methods, and possible limitations. In the empirical front, Van Doorslaer et al. (2007) , Van Doorslaer et al. (2005) and Adhikari, Maskay, and Sharma (2009) developed country level evidences about the incidence of catastrophic expenditure and impoverishment impact in developing countries using national level cross-sectional surveys. Wagstaff et al. (2006) used panel data to provide economic consequences of health shocks and health care expenditure.
The interest in the measurement of catastrophic health payments stems from the fact that in the absence of health insurance, high expenditures on health care can severely disrupt household living standards Berki (1986) . Ideally, this change in welfare would be assessed with longitudinal data through examination of how health shocks disrupt consumption paths (Gertler & Gruber, 1997; Wagstaff, 2007) . In the absence of longitudinal data, OOP health payments in excess of a threshold budget share have been used as a proxy for severe disruptions to household living standards. Regarding this point, Van Doorslaer et al. (2007) focus on payments that are catastrophic in the sense of severely disrupting household living standards, and approximate such payments by those absorbing a large fraction of household resources. Thus it may be argued that a catastrophic situation may be used to capture a change in household welfare. However, our problem, formulated in general terms therefore is: can the estimate of budget share from cross-section surveys be informative about the direction of a change in household welfare? In this connection, Naga and Lamiraud (2011) suggested that the scope for identifying households who experience a severe decline in their levels of living using a budget share is limited, unless the data analyst is sure that the household has experienced an income drop. Such information about changes in income is however not always available in cross-section type household surveys. The main problem is that it is hoped to identify a change in a variable (household welfare) by means of another variable (a budget share) measured in levels. Therefore, to effectively monitor and track the achievements in UHC, we want to track the households escape catastrophic health expenditure as well as those that remain in or fall back into the catastrophic health expenditure. As Naga and Lamiraud (2011) also proposed to address this limitation by using longitudinal data especially at the household or individual level. However, for most developing countries, cross-sectional data are far more common than panel data. This can be for a variety of reasons. Panel data collection can be very costly, for example, and can also pose a variety of logistical and capacity-related challenges. For whatever reason, the scarcity of panel data has limited the analysis of welfare impact of catastrophic health expenditure, if not impossible, in most developing country settings.
To overcome the non-availability of panel data, there have been a number of studies that develop pseudo-panels (or synthetic panels) out of multiple rounds of cross-sectional data. Following the seminal contributions of Deaton (1985) synthetic panels based on age cohorts have been widely used to investigate income and consumption over time (Banks, Blundell, & Brugiavini, 2001; Deaton & Paxson, 1993) . Perhaps because of their emphasis on cohorts rather than the household or individual, pseudo panel methods have not been widely applied to the analysis of catastrophic health impacts. Against this background, a recent paper by Dang and Lanjouw (2013) proposes both parametric approaches to construct synthetic panels at the household level from two rounds of cross sections with rather parsimonious assumptions. These synthetic panels can then be used to predict point estimates of welfare impact of catastrophic health expenditures.
In the next section, we have described methodology adopted to create a synthetic panel data, modifications in the proposed method that suit the nature of heath expenditure data and detail estimation methodology.
ESTIMATION METHODS AND DATA
Recently, Dang and Lanjouw (2013) developed a methodology to create a synthetic panel to study the poverty dynamics at household level that requires a minimum of two year cross-section survey rounds. The authors demonstrated that the methodology provides a better performance than the true panel data in terms of asymptotic properties and robustness of estimates provided that certain assumptions are fulfilled. We have attempted to study the mobility of catastrophic expenditure at the household level over the period of time. In the other words, we are interested to calculate percentage of households that faced catastrophic health expenditure in first period but didn't face catastrophic health expenditure in second period. Catastrophic payment is defined as OOP payments as a share of total household resources in excess of some threshold. Household resources are measured by the value of household consumption. Household non-food consumption is considered a better measure of household resources as compared to income or expenditures in developing countries. This is especially relevant for home grown production, which can be significant especially in rural areas. A household is said to have incurred catastrophic payments if T/x > z, where T is OOP health payments, x is household consumption net of the value of food consumption and z is some thresholds. The latter is arbitrary and results are presented for a variety of values for z (15%, 20%, 25%, 30%, 35% and 40%).
Our purpose is to study the dynamics of catastrophic health expenditure between two periods as developed by Dang and Lanjouw (2013) with some contextual modifications. Following equation shows the probability that a household is catastrophic in the first period and not catastrophic in the second period.
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Where, y i1 and y i2 is the OOP share of total non-food consumption in the first (2003) and second period (2011) respectively. Z represents thresholds for catastrophic health care expenditure. σ ε1 and σ ε2 are standard deviations of residuals from the two part model for two periods. P indicates correlation coefficient between OOP share between two periods; φ is bivariate normal probability function. Similarly, ŷ i1 and ŷ i2 are the projection of OOP share of total non-food consumption on household time invariant characteristics between the periods. Dang and Lanjouw (2013) used linear projection of per-capita household consumption to estimate poverty dynamics. However, nature of data for consumption and health expenditure are different. OOP share has many zeros and it is a proportion indicating a need of appropriate model that suites the nature of the data. The standard practice of using linear models to examine how a set of explanatory variables influence a given proportional or fractional response variable is not appropriate in general, since it does not guarantee that the predicted values of the dependent variable are restricted to the unit interval. We used two-part fractional response model (Ramalho, Ramalho, & Murteira, 2011) to predict the OOP share in this study. These projections are represented by the following equations.
Here, M and F represents two link functions. In these models, M indicates cauchit link function while F represents logit link function. Two different sets of coefficients are estimated; β 1p represents coefficients for the model estimating whether HH incurs health expenditure which is a binary variable, and β 2p represents HHs having non-zero value of OOP share.
In the equation (1), P is one of the important parameters that derives dynamics between two periods, and it is generally correlation between OOP share in two periods. Dang and Lanjouw (2013) also provided methodology to estimate P using linear dynamic models using age cohort based pseudo panels. However, we assume that illness is a fairly a random event and so is out-of-pocket expenditure. This hypothesis was confirmed by the fact that age cohort dummy variables are not correlated with OOP in both survey rounds. So, correlation between OOP share in two periods is derived by correlation between total household non-food consumption. We therefore assume total household non-food consumption follows a simple linear dynamic data-generating process given by
Where, τ i1 is random error term. Also assume that the sample size of each household survey round is large enough (or N " 3 ), the number of age cohorts (C) constructed from the survey data is fixed, and the age cohort dummy variables satisfy the relevance and erogeneity criteria for instrumental variables for y i1 in above equation. The simple correlation coefficient P y1,y2 can then be approximated with the synthetic panel cohort level simple correlation coefficient P y1,y2 , where c indexes the age cohorts constructed from the household survey data (Verbeek, 2008) . We considered age cohort of 25 to 55 years in 2003 to construct the age cohorts in urban and rural areas. After appropriately identifying the equation, P y1,y2 can be calculated as follows.
After calculatingP y1,y2 , P can be calculated as follows.
With these parameters in hand, according to (Dang & Lanjouw, 2013 ) the mobility of into and out of catastrophic payment in context of synthetic panels can be defined as follows:
a) Probability of being catastrophic in first period remaining catastrophic in second period.
P(y i1 > z and y i2
b) Probability of being catastrophic in first period becoming non-catastrophic in second period.
c) Probability of being non-catastrophic in first period becoming catastrophic in second period.
P(y i1 < z and y i2
d) Probability of being non-catastrophic in first period becoming non-catastrophic in second period.
These joint probabilities have been calculated for out-of-pocket expenditure and expenditure on medicine. The standard errors of these point estimates were calculated using bootstrap method at 1000 replications in R. All the equations were coded in R software for statistical computing. Joint probabilities for the Equations 7 to 10 were calculated using pbivnorm package developed by Kenkel (2012) in R.
Sources of Data
We analysed household survey data from Nepal Living Standard Survey (NLSS) which were undertaken by Central Bureau of Statistics (CBS), Government of Nepal using Living Standard Measurement Survey developed and used in a series of developing countries to monitor the poverty alleviation goals by The World Bank; two rounds of data were used in the analysis i.e. 2003/04 and 2010/11. The total numbers of households were 2769 in 2003/04 and 4166 in 2010/11. The surveys provide detailed information on household consumption, health care expenditure for chronic non-communicable and communicable diseases, demographics, as well as schooling, health employment, migration, and housing. Information about health expenditure was asked for last one month during the survey. Summary data coverage is presented in Table 1 . Food expenses and home production (the value of goods consumed from home production, in addition to expenditures incurred through market purchase); Nonfood expenditure and inventory of durable goods (non-food consumption, "use values" of consumer durables rather than the actual expenditures on such items, housing expenses, in the form of rent (actual for tenants and imputed for owneroccupiers) and payments for utilities (e.g. electricity, water); Health expenditure (includes cost of consultation, cost of travel, cost of medicine and others) for illness and injury last 30 days and other household information were extracted from 
Variables in the Study and Operational Definition
The study included the following variables i. Expenditure on medicine: This includes monthly expenditure on health services needed to manage the list of infectious diseases outlined in NLSS-III report.
ii. Out-of-pocket (OOP) payments for health care: Out-of-pocket payment includes cost to the patient for consultation/diagnosis and medicine. It was also calculated as monthly expenditure.
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RESULTS

Description of Analysis
a. Estimation of P
Consistent with the literature of pseudo-panel data, we restricted households' age range to 25-55 for the first survey round (2003/04) and adjusted this appropriately in next survey round i.e. we considered age range of 32-62 in survey year 2010/2011). While this age range can be extended to include older people, it has been ill-advised to include those who are younger, at least since most household heads tend to be older than 25. After obtaining the point estimate using equation 4, we calculated the value of P y1,y2 using equation 5. Similarly, using equation 6, we finally calculated the value of P which was found to be 0.92. The two part model according to the equation 2 and 3 were fitted separately for share of OOP and medical expenditure as a percentage of non-food consumption. The results are available in Annex-I. With the help of fitted values from two part model together with the value of P, the point estimate of mobility of households for catastrophic health expenditure between two survey periods were calculated using equations 7 to 10. Table 3 shows the mobility of households between the status of catastrophic health expenditure and non-catastrophic health expenditure between two survey periods. The threshold for catastrophic health expenditure for non-food expenditure is set between 15% to 50%. Against this threshold, the mobility of the population for catastrophic payment between two periods have been measured for Out-of-Pocket payments and expenses on medicine. From the table 4, it can be observed that at 15% threshold, 24 percentage of households suffered from catastrophic health expenditure in both periods. This percentage gradually decreases as the threshold value increases. At threshold value of 40%, only one percentage of households suffer from catastrophic health expenditure in both periods. Movement of household from catastrophic payments to not suffering from catastrophic payments is comparatively very low i.e. 3.1 percent at 15% threshold, and as the threshold increased to 45%, it diminishes nearly to zero. Similarly, 16.4 percent of households suffer from catastrophic health expenditure in 2010/11 who didn't suffer catastrophic health expenses in the year 2003/04. As can be see, flow from non-catastrophic to catastrophic is higher than catastrophic to non-catastrophic which indicates that one average, between twosurvey periods, increasing number of new households are suffering from catastrophic health expense in later year. A Majority of households remained in the state of noncatastrophic health expenditure in both periods. Note: C2C=Catastrophic to Catastrophic; C2NC=Catastrophic to non-catastrophic; NC2C=Non-catastrophic to Catastrophic; NC2NC=Non-catastrophic to Non-Catastrophic
Stratified Analysis of Mobility
This section explains the findings of catastrophic payment mobility between two periods across various household and geographic characteristics. Table 4 shows the stratification across ecological region. Tarai region shows the highest percentage of households remaining in the catastrophic health expenditure in two periods. Movement from catastrophic to non-catastrophic health expenditure is the highest in hills. Similarly, relatively fewer percentages of households (11.7%) in hills transit from non-catastrophic to catastrophic status between two survey periods when compared with figures of tarai and mountain region. The table therefore indicates that there are relatively the highest percentages of households move from catastrophic to catastrophic as well as non-catastrophic to catastrophic in tarai region when compared with other ecological zones. Note: C2C=Catastrophic to Catastrophic; C2NC=Catastrophic to non-catastrophic; NC2C=Non-catastrophic to Catastrophic; NC2NC=Non-catastrophic to Non-Catastrophic Note: C2C=Catastrophic to Catastrophic; C2NC=Catastrophic to non-catastrophic; NC2C=Non-catastrophic to Catastrophic; NC2NC=Non-catastrophic to Non-Catastrophic Note: C2C=Catastrophic to Catastrophic; C2NC=Catastrophic to non-catastrophic; NC2C=Non-catastrophic to Catastrophic; NC2NC=Non-catastrophic to Non-Catastrophic Note: C2C=Catastrophic to Catastrophic; C2NC=Catastrophic to non-catastrophic; NC2C=Non-catastrophic to Catastrophic; NC2NC=Non-catastrophic to Non-Catastrophic Table 6 shows mobility of households for catastrophic health expenditure across various ethnicity categories as classified by Government of Nepal. The highest percentages of households that remain in the state of catastrophic health expenditure are from Disadvantaged non-dalit tarai castes and religious minorities. In the same vein, the highest percentages of households from these ethnicity groups suffer from catastrophic health expenditure even though they were not a sufferer of catastrophic health expenditure in earlier time period. Relatively fewer percentages of households belonging to relatively advantaged janjaties and upper caste groups were in catastrophic to catastrophic and non-catastrophic to catastrophic movement. The highest percentages of households move from catastrophic to non-catastrophic health expenditure between two periods for relatively advantaged janajaties. Table 6 shows mobility across five geographic regions. Movement from catastrophic to catastrophic is similar among the five geographical regions. However, transition from one stage to another is remarkably different. Far-western region and central region shows that the highest percentages of households are moving from catastrophic health expenditure to non-catastrophic health expenditure between two survey periods. Similarly, movement from non-catastrophic to catastrophic health expenditure is the highest in western and mid-western regions. Rural households (table 8) are in higher percentages that remain in catastrophic health expenditure in two survey periods. Similarly, greater percentages of households also transit from non-catastrophic to catastrophic health expenditure in rural area.
DISCUSSION
The paper, for the first time in the literature, provided estimates of mobility of households for catastrophic health expenditure between independent cross-section surveys. Majority of households remained in the non-catastrophic state in both periods. A second majority of households remained in the state of catastrophic health expenditure in both survey periods which indicates that catastrophic health expenditure is still a chronic phenomenon at country level. Transition from one state to another was also noticed among significant percentages of households. In this case flow from catastrophic to non-catastrophic state is lower than non-catastrophic to catastrophic state which indicates that in seven-year period, more and more households moving into catastrophic health expenditure state in later survey year. Stratified analysis further provides evidences about the mobility in specific subgroup of population. Households in the tarai region tended to remain in the state of catastrophic health expenditure as compared to those in other ecological regions. Ethnic groups such as ethnic minorities and disadvantaged tarai caste group households showed relatively higher tendency to remain either in catastrophic health expenditure in both periods or transit to catastrophic health expenditure in later year regardless of their state in first period. Similarly, rural households also exhibit similar tendency. These findings provide policy makers the evidences about the performance of current policy to decrease financial burden for health expenditure.
To effectively monitor and track the achievements in UHC WHO recommended to monitor the households that escape catastrophic health expenditure as well as those that remain in or fall back into the catastrophic health expenditure. The method proposed in this paper attempts to address this problem which was ideally expected to be achieved only by panel data. This paper utilizes the methodology to create synthetic panel data proposed by Dang and Lanjouw (2013) which was developed by The World Bank to estimate the poverty dynamics. The methodology has been slightly modified to accommodate the specific characteristics of health expenditure data. The linear regression model in the original method is replaced with a Two Part Fractional Response Model which better suits the share of health expenditure data as a percent of non-food consumption. The cross-section survey are widely available at country level. Using this methodology, cross-section survey can be readily used to provide the point estimate of household level mobility for catastrophic health expenditure between two survey periods.
Our approach to estimate the mobility using synthetic panel has some limitations and pitfalls that need close scrutiny for the validity of results. We used non-food consumption to estimate the value P which is later used to create the synthetic panel for share of health expenditure as a percentage of non-food consumption. The latter is the ratio of health expenditure and non-food consumption. Grossman (2000) considered illness as random event, therefore, health expenditures are also random phenomena. So, illness for households is more or less uncorrelated between two periods. So, most of the correlation for the ratio of health expenditure and non-food consumption is carried over by the non-food consumption. Therefore, we used non-food consumption to estimate the value of P. Similarly, we used time invariant household characteristics to predict the health expenditure share which provides only a fair fitness of the model. It is generally difficult to get a list of time invariant household characteristics that explain a greater percentage of variation in share of health expenditure. Further research and methodological refinement is needed to improve the model fitness which has impact-upon the precision of model estimates.
The paper reports that chronic nature of catastrophic health expenditure at national level which requires special attention for the policy makers. Similarly, greater percentages of households are transiting to catastrophic state in later year indicates that households are falling into catastrophic health expenditure in the later year. Higher percentage of households having catastrophic health expenditure state in later year in specific subgroups indicates special policy measures to address the gap. This paper is expected to contribute to both on empirical estimates and methodological aspect to estimate the welfare impact of health expenditure using available cross-section data which was ideally expected to be achieved only by panel data. The methodology proposed by theDang and Lanjouw (2013) can be extended with some contextual modifications as discussed. Further improvement in the method can be pivotal to monitoring UHC policies in developing countries.
CONCLUSIONS
Movement into and out of catastrophic payments is variable of interest after introduction of FHCS. The study measures dynamics of catastrophic payment before and after introduction of FHCS by utilizing recently developed method of creating synthetic panel from two cross-sectional data. It is interested to estimate percentage of households that faced catastrophic health expenditure in first period but didn't face catastrophic health expenditure in second period. Catastrophic payment is defined as OOP payments as a share of total non-food consumption. The threshold for catastrophic health expenditure for non-food expenditure has been set 15% to 50%. Probability of percentage population faced catastrophic impact due to medicine costs in the first period and in the second period (C2C) is decreasing from 20.1 per cent to 0.01 per cent as increased in threshold 15% to 50%. Similarly, probability of catastrophic impact in the first period but not in the second period (C2NC) is decreasing from 3.1 per cent to 0.00 per cent as increased in threshold 15% to 50%. Probability of not having catastrophic impact in the first period but catastrophic impact in the second period (NC2C) is decreasing from 17.2 per cent to 1.9 per cent as increased in threshold 15% to 50%. Probability of not having catastrophic impact in both periods (NC2NC) is increasing from 60.0 per cent to 98.3 per cent as increased in threshold 15% to 50%. C2C incidences in Terai ecological belt are higher than in hills and Mountain. Similarly, Disadvantaged non Dalit Terai caste have higher incidence than other caste groups. Synthetic panel gives the indicative trends; incidences may not be directly comparable with incidences estimated from cross-sectional data.
These movements have been explained with reference to the total consumption and non-food consumption, and for OOP payments and payments for medicine only. At 10 % threshold, 13% households faced catastrophic health expenditure in both periods. While only 5% households get out of catastrophic expenditure in the second period. Nearly 30% households were found not suffering catastrophic health expenditure in 2003 but faced catastrophic health expenditure in second period. More than 52% of HH didn't face catastrophic health expenditure in both periods. 
